One of the major reasons why people find music so enjoyable is its emotional impact. Creating emotion-based playlists is a natural way of organizing music. The usability of online music streaming services could be greatly improved by developing emotion-based access methods, and automatic music emotion recognition (MER) is the most quick and feasible way of achieving it. When resorting to music for emotional regulation purposes, users are interested in the MER method to predict their induced, or felt emotion. The progress of MER in this area is impeded by the absence of publicly accessible ground-truth data on musically induced emotion. Also, there is no consensus on the question which emotional model best fits the demands of the users and can provide an unambiguous linguistic framework to describe musical emotions. In this paper we address these problems by creating a sizeable publicly available dataset of 400 musical excerpts from four genres annotated with induced emotion. We collected the data using an online "game with a purpose" Emotify, which attracted a big and varied sample of participants. We employed a nine item domain-specific emotional model GEMS (Geneva Emotional Music Scale). In this paper we analyze the collected data and report agreement of participants on different categories of GEMS. We also analyse influence of extra-musical factors on induced emotion (gender, mood, music preferences). We suggest that modifications in GEMS model are necessary.
Introduction
With the current sizes of musical databases there is a growing need for automatic methods of music classification and similarity assessment, and emotion-based methods are potentially among the most useful access mechanisms for music collections. Implementing such methods is not a straightforward task, not only due to MER (music emotion recognition) limitations, but also because the emotional content of a musical piece is an intrinsically ambiguous part of it. Within music-related emotions, an important distinction can be made between emotions that are expressed by music (while listener is not necessarily feeling them), and the emotions felt by listener as a response to music (which we refer to as induced emotions). There is no doubt that music can indeed arouse strong emotions in listeners [21, 24] . Many people use music for purposes of emotional self-regulation and music therapy [10] , and it is important to develop methods that could automatically categorize and select music by these criteria. In this paper, we contribute to solving this problem.
The relationship between expressed and induced emotion is not direct. In [9] , Gabrielsson argues that expressed and induced emotion can relate in four ways: positive, negative, no systematic relation or no relation, thus, positive relation should not always be assumed. Also, though a qualified listener can nearly always recognize emotion expressed in the music, emotion induction is less frequent. Recent studies suggest that listeners experience strong emotions only about 55% of the time they spend listening to music [17] , or that in 65% of the musical episodes music affects how they feel [18] . Emotional responses can be measured from self-report, expressive behaviour and physiological responses (heart rate, skin conductivity, blood pressure, as well as biochemical responses) [21, 24] . In case of music, pronounced expressive behaviour is not the rule, and, arguably, self-report is the most widely used and the most informative measure, because it provides information on the otherwise inaccessible cognitive part of emotion [35] . In this study, we will use self-report to measure induced emotional responses to music.
Related work
The research in this paper closely concerns two fields: music psychology and music information retrieval. In the last decade, both fields showed a lot of interest towards affective studies. We will not review all the work done in this domain. For review of recent studies on affective music psychology, we refer the reader to [19] . For review of automatic music emotion recognition, please consult [33] . Below, we will discuss only the papers that raise issues closely related to our research, such as existing emotional models, experiments which involved GEMS, and music-related GWAPs.
Models of musical emotion
Several areas of science, such as psychology, musicology and neuroscience, have come up with general or domainspecific models of emotion. These models can be divided in two groups: categorical and dimensional models. Categorical models present emotions as consisting of several basic clusters. Dimensional models arrange emotions in a continuous space along several (usually two or three) principal dimensions. The most widely used dimensional model, frequently employed in Music Information Retrieval, was proposed by J. Russell [25] . It consists of two dimensions: valence and arousal. The valence-arousal (V-A) model is often criticized for its lack of granularity. For instance, anger and fear are placed very close to each other in the upper left quadrant of the valence-arousal plane. Many researchers have concluded that V-A model fails to capture all the variance reflected by music [4, 5, 14] . Moreover, the V-A model is not specific to music and was not created to reflect induced emotion, which we are interested in for the purposes of our study. Being domain-specific might be crucial in case of music. In [26] , Scherer argues that everyday utilitarian emotions should be distinguished from aesthetic emotions, induced by works of art. Aesthetic emotions are usually much more subtle, and don't coincide with everyday emotions (for instance, shame or guilt are almost never felt in response to music [36] ). Musical emotions can also be contradictory (e.g. bitter-sweetness) [13] . It is impossible to present these on the valence-arousal plane.
The earliest attempt to create a specifically musical categorical model of emotion was undertaken by K. Hevner [11] . She created an ontology of eight emotional clusters, such as humorous, pathetic and dreamy, where each cluster contained from six to eleven adjectives. In early seventies, L. Wedin proposed a three-dimensional model to describe musical emotion ("gaiety" vs. "gloom", "tension" vs. "relaxation" and "solemnity" vs. "triviality") [32] . None of these models were specifically developed for induced emotion. For a more comprehensive review of models of musical emotion we refer to [19] .
In 2008, a new domain-specific categorical emotional model called GEMS (Geneva Emotional Music Scale) was proposed [36] . GEMS is unique in that it addresses induced emotion, was created specifically for describing musical emotion, and has a level of granularity that other models do not provide. Zentner et al. conducted four consecutive studies to derive the model. First, a list of music-related terms was compiled both for induced and perceived emotion. It showed that these two types of emotion differ from each other, the major difference being the bias for positive emotions in case of induced emotions. In the following studies, a structure of music-induced emotions was examined through factor analysis of questionnaires. As a result, the GEMS scale was created. Through further factor analysis, shorter versions of the scale were added. The full GEMS scale consists of 45 terms, with shorter versions of 25 and 9 terms. These nine terms can in turn be grouped into 3 superfactors: vitality, sublimity and unease. Originally, the terms were collected in French, and later translated to English. In 2012, an additional research was conducted to improve the short GEMS scale [6] . In this research, the problem of classical music overrepresentation in the original work behind GEMS was addressed. The experiment confirmed the nine-factor structure of GEMS. It was suggested to add new terms related to feelings of harmony, interest and boredom. The final results from the study are still unpublished, so we used the original short nine term version of GEMS for our online game (see Table 1 ).
Experiments involving the GEMS model
In this section we will describe research papers that used GEMS as an underlying model for data collection. The biggest one, involving nearly 4000 participants, took place in 2010 [16] in Dublin. Participants listened to music and reported their emotional state, using several self-assessment methods, GEMS among them. Physiological measurements were also recorded. The dataset contained 53 songs from different genres (rock, classical, pop, jazz, world etc.), specially selected for their emotional content. The analysis of the collected data is presented in the PhD thesis of Javier Jaimovich ([15] ). Unfortunately, due to a software error, the answers to GEMS questionnaire had to be discarded. In 2010, Vuoskoski et al. performed a comparison of three emotional models (valence-arousal, 5 basic emotions and GEMS), using 16 excerpts from movie soundtracks [30] . The most consistent ratings were produced in the case of the two-dimensional valence-arousal model, while basic emotions and GEMS were less consistent, with GEMS's possessing both the most consistent (joyful activation, tension) and inconsistent (wonder, transcendence) categories. In 2011, K. Torres-Eliard et al. used GEMS for continuous emotion measurements [29] . Every rater controlled one GEMS dimension. Data on emotion expressed in 36 musical excerpts were collected. The inter-rater agreement (based on the extent to which a single emotion was present in the music at a given moment of time) was found to be in the range of good agreement (Cronbach's alphas ranged from 0.84 to 0.98). In [3] , GEMS was used in a study of operatic performance, and this self-report measure showed significant correlation with physiological parameters (such as systolic blood pressure, respiratory sinus arrhythmia, etc.).
In the original study that introduced GEMS [36] , a small-scale experiment with 16 classical pieces showed that GEMS equips listeners with a more adequate instrument to measure musical emotion and results in better agreement than V-A or basic emotions. As this experiment was very small, based on one genre only, and the questions asked for V-A model were unconventional, this finding needs further investigation. In all further studies that we described above, none of the datasets was big, and the data is not publicly available. This is why we conclude that additional experimentation is needed.
Musical GWAPs
Collaborative online games are a popular way of collecting musical metadata, since it is easy to entertain people with music. Some of these games were proposed for the collection of descriptive labels (tags) on short musical fragments, such as MajorMiner [23] and TagATune [22] , where the collected labels could also be mood-related. A specifically emotion-targeted GWAP called MoodSwings, for continuous emotional annotation of music, was created by Kim et al. [20] . In this game, players are paired up with a partner and both of them mark the perceived musical emotion on a per second basis on the valence-arousal plane. They earn points by guessing their opponent's position on the valence-arousal plane for the same fragment of music. The GWAP we present, Emotify, is different from MoodSwings in several respects: it uses a categorical emotional model, it collects data on induced (not perceived) emotion, and the measurements are discrete rather than continuous.
Methods
In this section, we will explain the design of our experiment: the structure of our musical dataset, the modifications to the GEMS questionnaire that we made in order to adapt it to an online game, and the design decisions behind the GWAP. The last element is discussed in more detail in [1] .
Music
In existing research on musical emotion, music is often selected for its strong and obvious emotional content [30, 15, 36] . In such a case, it is questionable how obtained results are comparable to non-preselected music. In our experiment, to provide ecological validity, we intentionally chose music randomly from a larger collection. We assembled a set of 400 musical pieces from the Magnatune recording company (magnatune.com), 100 pieces from each of four selected genres (classical, rock, pop and electronic). Genres were assigned by the recording company. The resulting dataset contains music from 241 different albums by 140 performers. There were several reasons to choose music from Magnatune: it is of good quality and it is generally little known (familiar music might precondition induced emotion [27] ). The music was reviewed manually and some recordings (around 2%) were removed because of insufficient quality.
We randomly divided our musical corpus into two subsets, maintaining the genre ratio (15 songs from each of the four genres). The smaller subset of the data (which will be called subset A) consists of 60 songs. The remaining 85% of the corpus (subset B) consists of 340 songs. We collected different amounts of annotations for subset A and subset B. The smaller subset was intended to be used to investigate listener agreement on GEMS categories, the bigger subset Table 1 : GEMS categories with explanations as used in the game. The categories marked with asterisk were modified.
was intended to be distributed as a public dataset of annotated music. In subset A, each song is annotated with at least 10 measurements per variable, which makes it at least 90 annotations per song, since there are nine questions in the questionnaire. We count all labels given to a song independently, thus if a person assigns 2 labels to a piece of music, we count each of those. For subset B, at least 10 people listened to and annotated each song.
Questionnaire

GEMS questionnaire adaptations
In order to adapt the GEMS questionnaire to an online game, we made several modifications. Originally, GEMS is designed to be answered using a Likert scale ranging from 1 to 5. The Likert scale is a psychometric scale commonly used in questionnaires. When answering a question using a Likert scale, a participant has to choose one of several items typically ranging from "Not at all" to "Very much". This way of data collection is, however, very slow, requires quite some mental effort, and is not suitable for a dynamic online game. Therefore we modified the task and asked to select several labels from a list instead. This means that for each emotion we obtain one value, which is either 1 or 0 (emotion is present or not), which results, for each song, in a vector of 9 binary values. We also restricted users on how many labels they could select, by explicitly demanding them to select no more than 3 labels. We did this because we wanted the players to select only the strongest emotions. As we abandoned the Likert scale, limiting the number of responses was the only way to measure the strength of emotion.
Following the findings from [30, 29] , where it was discovered that participants have trouble with understanding certain categories of GEMS, we changed the wording of three GEMS categories by replacing them with one of the emotions from the list of explanatory synonyms that accompany each GEMS category. Transcendence was changed to solemnity, wonder to amazement, and peacefulness to calmness (see Table 1 ).
Personal questions
We also collected the following personal data about participants: age, gender, first language, level of English (Beginner, Intermediate, Advanced), musical preferences (we specifically asked the participants to report their preferences on the four selected genres, and added an open question where other preferred genres could be indicated), and current mood (on a Likert scale from 1 (very bad) to 5 (very good)).
Other information
For every piece of music the participant listened to we collected, apart from the data described above:
• Whether the participant is familiar with the piece (binary).
• Whether the participant liked or disliked the piece (binary).
• The order in which GEMS categories were presented to the participant (randomized between participants).
• Optionally, a new emotion definition or an explanation of choices that participant made.
Game design
We launched a game with a purpose called Emotify in March 2013. As a platform, we used both a social network (a Facebook application (apps.facebook.com/emotify)) and a stand-alone website (www.emotify.org). Using a social network as the platform for a GWAP simplifies dissemination, but for those who do not possess or want to use or create a Facebook profile, we provided a stand-alone version. Figure 1 shows a screenshot of the game interface. Involving a social network gave us the possibility to provide users with inter-player comparison in a non-competitive manner. The feedback that a player received during the game consisted of his score (similarity to other players) and the possibility to compare the emotional labels that he assigned to the average answers of other players or to the answers of his friends on Facebook. After completing 10 songs, the players received feedback on which kinds of emotions they associated with the liked or disliked music. The gameflow is as follows.
1. The player authenticates through Facebook (or alternatively, enters the game from the stand-alone website) and provides personal details: age, gender, musical preferences, first language, level of English, and current mood. At this stage, the player is also provided instructions and is asked to report his or her personal emotions in response to music.
2. The player is randomly assigned to one of four musical genres (rock, pop, classical and electronic music) and can switch to any other if he or she so wishes. The player may also switch at any later time.
3. In every genre, the player is presented with a random sequence of musical excerpts, each one minute in length. If a player is invited by a friend through Facebook, he or she is presented with the same (whenever possible) sequence as the player who sent the invitation. This constraint is necessary in order to enable comparison between them.
4. After listening to the one-minute fragment, the player selects up to three emotions from a list of nine. This limitation should encourage players to think more carefully about the choices and name only the strongest emotions.
5. The player also may indicate whether he or she liked or disliked the music and whether he or she knows the song. The player may also provide a new emotion definition if none of the nine corresponds to what he or she is feeling.
6. At any time, it is possible to skip listening and go to another song or another genre.
7. There is a countdown from 10 to 1, saying that after 10 fragments the player will receive final feedback on his or her emotional perception of music. The countdown should encourage players to listen to at least 10 fragments to earn a "reward". Players may continue after listening to 10 fragments, but we prefer them not to do so, because feeling emotional content of music requires concentration and sensitivity, which is difficult to maintain for a long period of time.
Before starting with the game, the players were explained that they will be asked to describe what they feel in response to music, and also they were encouraged to skip the song if it fails to elicit any emotions in them. We tried to encourage more personal induced emotion responses by providing feedback in a style of psychological questionnaire.
For more details about the game we refer the reader to [1] .
Annotations
Creating a publicly accessible dataset was one of the main motivations of this study. We have made the data available online 6 . Below, we list statistics on game players and describe the size and contents of our dataset. 
Participants
1778 participants (747 females, 1031 males) took part in the study and 16191 labels were collected for 400 songs during 8358 listening sessions. The average age of participants was 30.32 years (sd = 11.74). Participants listed different languages as their first language: 38% English, 19% Dutch, 19% Russian, the remaining 24% of the participants indicated 41 other languages (mostly European, with some Chinese, Hindi, etc.). The style preferences were as follows: 61% Rock, 55% Classical, 44% Pop and 43% Electronic (multiple genres were allowed). 11% of the participants reported that their English language proficiency was on the beginner level, 26% were on intermediate level and 63% were advanced. On average, they listened to 8 songs, and spent 13 minutes and 40 seconds playing the game (sd = 12.62). The actual time spent in the game differed a lot over all players. As we were advertising a game through online media, there were many players who merely examined the game and quit almost immediately, but there were also devoted players who spent a lot of time listening to music. In the experiment, participants had to select one, two or three main emotions they felt after listening to a one minute excerpt. For 37% of samples they selected only one emotion, 30% obtained two emotional labels and 33% three emotional labels. There were no complaints about not being able to select more than three labels, but a small amount of participants complained that they couldn't find an emotional category which would correspond exactly to what they felt, and about 7 percent of participants reported not being able to find exact emotion they felt in GEMS model and suggested new emotion definitions.
Amounts of annotations
The annotations produced by the game are spread unevenly among the songs, which is caused both by design of the experiment and design of the game. Participants could skip songs and switch between genres, and they were encouraged to do so, because induced emotional response does not automatically occur on every music listening occasion. Therefore, less popular (among our particular sample of participants) genres received less annotations, and the same happened to less popular songs. Boxplots on Figure 2 illustrate the spread of annotations among 400 songs. On average, each song from subset A was annotated by 48 participants (sd = 4.46) and each song from subset B by 16 participants (sd = 8.7). 
Confounding factors 4.3.1 Influence of button order on frequency of selection
For each of the participants, positions of the buttons (the nine buttons with emotional labels on them) in the game interface was randomized. The buttons were placed as shown on Figure 1 . We needed to verify, whether the buttons in certain positions were selected more often than buttons in other positions (regardless of the text on the button). Table  2 By examining the table we notice that the buttons in the lowest row were selected less frequently than the buttons in the first and second row. Table 3 shows the results of the pairwise Student's t-test. We can see that the difference between the second and third row is significant with p-value < 0.05. The buttons in the lowest row were selected about 7% less often than the buttons above them. As far as buttons were randomized per every session, this effect should not influence the quality of annotations.
1st and 3rd row 2nd and 3rd row 1st row mean 1943 2nd row mean 1963 3rd row mean 1827 3rd row mean 1827 p-value 0.15 p-value 0.03 Table 3 : T-test for button positions.
Influence of English language proficiency
For almost 62% of the game participants, the first language was another language than English. From these participants, 15% indicated that their level of English fluency is "Beginner", 36.5% indicated "Intermediate" and 48.5% "Advanced". The group of beginner-level participants was too small for their answers to be separately compared with other groups. This is why we studied the effect of removing those participants and computed intra-class correlation coef- Table 4 : Second column: considered unclear by percentage of respondents (n = 556). Third column: how often an emotion was selected in listening sessions (n = 8358) ficients for each of the songs with and without beginner-level participants. Removing "beginners" didn't affect intraclass correlation coefficients significantly, which led us to believe that the level of their understanding was satisfactory enough for their answers to not degrade the quality of our dataset.
GEMS model comprehensibility and consistency of participant's responses
One of the objectives of our experiment was to test whether the GEMS model is suitable for large-scale music categorization and retrieval. In our game, we involve a varied sample of participants from different age groups and linguistic backgrounds, which resembles an actual composition of users of online music services. We explicitly ask them to provide feedback on using GEMS, and we also use implicit consistency measures.
Feedback questionnaire
After completing 10 exerpts, game players were offered to view their scores ("reward") and were asked to fill in a feedback questionnaire. 556 participants did so. They were asked to rate how difficult it was to use GEMS on a scale from 1 to 5 (where 1 means "very easy") and on average they gave rating of 2.92 (sd = 1.07, mode = 3). On average they rated their liking of music on a scale from 1 to 5 (where 1 means "disliked completely") as 3.16 (sd = 1.08, mode = 4). Also, participants were asked to indicate which GEMS categories were most difficult to understand and to associate with the emotions they felt (see Table 4 , column 2). From the feedback we can see that we did not manage to improve the situation ( [30] ) with categories wonder and transcendence by giving them synonymous names. A very big number of participants (one third) considered them unclear. The most comprehensible categories were calmness and sadness. Those were most often selected as well. The rest of the categories were considered unclear by approximately one tenth of players.
Listener agreement on emotional categories
We collected especially a big amount of data for one subset of songs (subset A), in order to examine the inter-rater agreement (see Section 3) . Here we will analyze these songs.
From the 60 songs of subset A, only 25 songs possessed at least one emotional category that was selected by majority (more than a half) of the respondents (the highest percentage of respondents to select a category unanimously was 77%). The most frequent highly selected categories were calmness and joyful activation (both for 8 songs), tension (7 songs), and the least frequent were power, nostalgia and tenderness. The rest of the categories (amazement, solemnity and sadness) in most cases weren't selected by more than one third of participants unanimously. Though most of the songs failed to reach majority vote on any of the emotional categories, all of the songs demonstrate agreement that is much better than random. To assess agreement, we calculated Cronbach's alpha per category (see Table 5 ). Cronbach's alpha is a coefficient of internal consistency, commonly used in psychometric tests [7] . In psychological research, Cronbach's alpha above 0.7 is viewed as acceptable agreement, and three categories do not pass that threshold: amazement, solemnity and sadness. The last one has rather high values in all genres except pop music, and the first in the list has a high value in the classical genre. For solemnity, all values are above 0.7 except for the classical genre. We conducted the Tukey HSD test on Cronbach's alpha values between genres and didn't find any significant differences.
Suggestions to modify the model
Players were given the opportunity to suggest a new emotional term that was missing from the model, or comment on existing ones. We received 437 such comments. Of them, 125 comments suggested new emotional terms, and the rest explained the reasons behind choosing from a list of GEMS terms or contained other notions. Table 6 lists the most frequent semantic groups of comments, ordered by popularity. As we can see from the table, by far the most frequent suggestion is not related to emotion induced by music but to disliking it -boredom. In groups 1 and 2 we placed all the comments which referred to the fact that music failed to induce any emotion in the respondent. Though we asked the participants to skip the fragments which did not induce any emotion in them, not all the participants did so. Group 3 contains comments on liking the music. Groups 1-3 confirm the findings of Coutinho et al. [6] . In [6] , it was discovered that feelings of interest, boredom ("bored", "indifferent", "weary") and feelings of harmony and clarity are lacking from the model. Indeed, when reporting their induced emotion, participants find it very important to be able to report their interest, engagement and enjoyment (or, on the other hand, indifference, boredom and irritation from disliked music). These emotions can also be regarded as music-induced emotions and should be included in the model.
Other semantic groups of comments, not related to liking of disliking the music, are introduced in groups 4 to 8. Anger (group 6) and fear (group 7), according to [36] , are often expressed by music, but are unlikely to be induced by it. Most likely, respondents were confusing what they perceive in music and what it induces in them. Impetus (group 4) was the next most suggested semantic group after feelings of interest and boredom. Less frequently suggested semantic groups were humour (group 5) and contentment (group 8). These emotions, along with boredom and interest, also are not covered by GEMS.
Some suggestions that only occurred once were "religious" and "awkward". Table 7 : Correlations between emotional categories.
Factor analysis and correlation analysis of the categories
In this section we analyze the relationships between GEMS categories and conduct factor analysis to compare our findings to the three-factor structure obtained in [36] .
Averaging labels across participants
In the game, we collected responses as binary vectors. For purposes of analysis, we needed to average them. We experimented with two scores to average the responses. In one, an emotion is given a fixed weight regardless of how many other emotions are selected. In the other, each individual answer is weighted based on the number of selected emotions. In the end, the first score was chosen on basis of experiment that showed that it is closer to answers collected using Likert scales. The first score is calculated using Formula 1.
where score i j is an estimated value of emotion i for song j, a k is the answer of the k-th participant on a question whether emotion i is present in song j or not (answer is either 0 or 1), and n is the total number of participants who listened to song j.
Correlation analysis
We used the score described above to average the annotations, and calculated correlations (Spearman's correlation coefficient, as the data is not distributed normally) between GEMS categories (see table 7 ). Before doing correlation analysis, we excluded the annotations from those listening sessions where participants indicated that they disliked the music. The reasons for doing so will be explained in Section 6. Strong positive correlations mean that the correlated categories were either often selected together (co-occurring emotions), or were often selected by different people for the same music (confused and potentially redundant categories). Prominent examples are: tenderness and nostalgia with r = 0.55 and p < 0.001 (compare to [36] r = 0.5), power and joyful activation with r = 0.41 and p < 0.001 (compare to [36] r = 0.38). The strongest correlations are negative (sadness and joyful activation with r = −0.64 and power and tenderness with r = −0.64).
Factor analysis
We performed maximum likelihood exploratory factor analysis to compare our findings with results described in [36] . Based on a Scree plot (a test based on component eigenvalues) and parallel analysis (a test that uses a comparison with random data set of the same size), we retained three factors that explained 54% of variance. We extracted and rotated them using oblique promax rotation (we have no reason to believe that the factors must be orthogonal). Table 8 : Factor loadings of GEMS categories negatively correlates with joyful activation and amazement. We will name this factor Sadness. The second component correlates with calmness, nostalgia and tenderness, and negatively correlates with power. This factor will be called Peacefulness. The third component correlates with nostalgia and tenderness and negatively correlates with tension and solemnity. This factor will be referred to as Melancholy.
In [36] , the GEMS categories are grouped into three superfactors (see 1). Our factors do not conform to those exactly. In [36] , tension and sadness contribute to one factor Unease and are correlated with r = 0.22. In our case, sadness and tension are not correlated at all (r = 0.03). Factor Sublimity is similar to our factor Peacefulness, but categories amazement and solemnity are not contributing to this factor anymore. In fact, solemnity in our study is negatively correlated with tenderness and nostalgia, while it was positively correlated in [36] (r = 0.42 and r = 0.33, respectively). See Table 7 for comparison.
Influence of personal factors on induced emotion
Personal and situational factors can significantly affect the emotion induced by music in the listener [28, 8] . In this section, we will examine the degree of this influence for various factors.
Influence of mood
Recent findings suggest that people perceive music differently depending on their mood. In [8] , participants' arousal was manipulated with physical exercise prior to listening to music. Their self-reported induced emotion changed, while perceived emotion did not differ between groups that did or did not exercise. Likewise, in [34] no effect of previous mood was observed for recognizing perceived emotion from music.
We were expecting to find an effect of mood in our induced musical emotion study. We conducted a Chi-square test on category selection frequencies grouped by participants' mood and found significant differences for the categories sadness, tenderness and calmness ( Table 9 ). The clearest tendency is observed for sadness. The lower the participant's mood, the more often he or she selects sadness as an emotion induced by music. Participants who indicated that their mood was "very bad" selected sadness almost twice as often as participants whose mood was "very good". A similar trend is observed for calmness -the lower the mood, the more calmness the music induces. A slight opposite trend is observed for amazement -the better the person feels, the more amazement is induced by music.
Influence of gender
We conducted a Chi-square test on frequencies of each emotional category grouped by gender and genre (Table 10) .
We did not find many significant differences. For example, in the pop music category, only 8% of the male participants felt amazed, as opposed to 18% of female participants. Females also more often felt amazed when listening to classical music, and more often indicated they felt power when listening to rock. Table 11 : Category assignment by percentage of song listenings (n = 8358) depending on liking or disliking the music.
Influence of musical preference
Liking and disliking the music appears to be very important for induced emotions, and is even sometimes considered to be a musical emotion per se. From table 11 we can see that selection of emotional category is strongly dependent on whether participant liked or disliked the music, especially for such categories as amazement, joyful activation, tension and sadness. It is important to understand whether we can rely on knowledge about preferred genres to predict whether someone would like the music. Table 12 : Liking and disliking music by genre preference. Significant on a 5% level except if marked with asterisk.
From Table 12 we see that in all cases people who report frequently listening to genre X, tend to like songs in genre X more and dislike those less than those who do not prefer this musical genre. Though this difference exists, it is not as big as might be expected, and for pop and electronic music the differences between liking and disliking the music were not even statistically significant.
Effect of liking the music on response consistency
For more than half of the listening sessions, participants reported whether they liked or disliked the music (they could skip this question if they didn't have an opinion). There was a positive dependency between the consistency of the ratings (as measured by intraclass correlation coefficients) and liking the music. When the disliked listening sessions were excluded, the data showed more consistency (mean ICC = 0.18 as compared to ICC = 0.16, significant on t-test with p-value < 0.01).
Even when the disliked listenings were excluded from the dataset, there still remained a correlation between the ratio of likes and response consistency, shown on This means that either people can understand an emotion of the song better when they like it, or people like the song more when it's easier to understand its emotion. 
Discussion
In this paper we presented a GWAP for music induced emotion annotation and analyzed the data collected using this GWAP. We were aiming at improving automatic music emotion recognition methods by creating a new sizeable and public dataset, providing further testing to the GEMS model, and studying the extra-musical factors that contribute to emotion induction.
We modified the GEMS model because it was found that participants find some of the categories confusing [30, 29] . Two of the modified categories (amazement and solemnity, previously wonder and transcendence) still resulted in low agreement between participants (0.46 and 0.65 in terms of Cronbach's alpha, interpreted as Unacceptable and Acceptable, respectively), which might be caused by two issues. Firstly, low agreement might imply that these categories are inherently more subjective and depend on situational, cultural and other factors. The feedback questionnaire also showed that these two categories are less understood (amazement and solemnity were considered unclear by one third of the participants), which might be the second cause of low agreement. On the other hand, we found that for the rest of the categories, such as tenderness, joyful activation, power, and calmness, the inter-rater agreement is high, and these categories also are comprehensible enough according to feedback questionnaire.
When conducting factor analysis on our data, we found three factors similar to [36] , but their structure could not be replicated. We did not observe that tension and sadness jointly load on any of the factors, and amazement and solemnity were not loading on the same factor with other emotions that contributed to factor Sublimity in [36] . The reason may be that our experiment was conducted in a different language, and with different music.
We did not find any significant differences in inter-rater agreement across genres, and therefore we conclude that GEMS is equally suitable for describing all the four studied genres.
In this paper we also studied factors external to music. We found that the most important factor that should be taken into account when predicting induced emotion is liking or disliking the music. However, for our particular selection of broad music genres, the self-reported genre preferences failed to predict liking of the music with any accuracy. In our study we did not intend to control participants' liking of the music using their self-reported genre preferences, but this finding might be important for designing further experiments. We also found that participants' induced emotions were affected by their mood (to a considerable extent) and gender (to a lesser extent).
Conclusions and future work
One of the open research questions that we addressed with this study was whether music can express and induce a complex fine-grained range of emotions, or it is only possible to find crude counterparts of verbally expressible emotions in music. On basis of our study we conclude that there indeed is enough variety and expressive power in music to convey and induce such emotions as tenderness, nostalgia or peacefulness in such a way, that they can be distinguished by participants with sufficient inter-rater agreement. We also concluded that the GEMS model can be successfully used by participants from various linguistic backgrounds, though there obviously exists a lack of understanding concerning categories wonder and transcendence. It is a direction for future research to find how these categories could be modified.
Apart from this modification, it might also be worthwhile to study whether the GEMS could be augmented. Our study suggests that some of the nuances of emotional experience might be absent from GEMS model (8% of our participants were not able to use GEMS to describe their induced emotions). We agree with [6] , that feelings of boredom and interest must be added to the model, but also suggest that more semantic categories are lacking from it. Such semantic groups as impetus (call to action), humour and contentment were repeatedly named by the players of our game.
Another motivation for our study was collecting a dataset of music annotated with induced musical emotion which could be used as a ground-truth for MER research. The size of the dataset makes it possible to apply computational methods to explore the mechanisms underlying music emotional expressiveness, and to use these methods for automatic music classification and retrieval. A first study using our dataset has already been conducted [2] .
We hope that this work will contribute to solving the problem of finding the most appropriate model of musical emotion. Though this problem is important both for research on music psychology and music industry, currently it is far from being solved. We also hope that ground-truth data for such a rich emotional model like GEMS will be useful for MER research.
